
1,2∗ 2 1 1 1

1 2

:

(CHiME-6 Challenge)

1

[1]

[2]

(BSS)

[1,3,4]

(cACGMM) [3,5]

(Neural FCA) [6]

VAE [7]

Neural

FCA [6]

[8] cACGMM

BSS

Neural FCA

[8]

Neural FCA

∗

152-8552 2-12-1
E-mail: aizawa@ra.sc.e.titech.ac.jp

Neural FCA cACGMM

cACGMM Neural FCA 2

BSS

cACGMM

[9]

(LGM)

Kullback-Leibler

BSS

Neural

FCA

BSS

cACGMM [3]

Neural

FCA

cACGMM

[8]

cACGMM

CHiME-6

[2]

人工知能学会第二種研究会資料
        AIチャレンジ研究会
     SIG-Challenge-061-09

47



2 BSS

Neural FCA [8]

2.1

N

: M xft ∈ CM n = 1, . . . , N

t unt ∈ {0, 1}
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1: CHiME-6 dev set eval set WER.

Epoch
Dev set Eval set

Avg. Dining Kitchen Living Avg. Dining Kitchen Living

GSS ( ) – 51.8 53.8 53.9 48.6 51.3 44.7 61.2 50.3

GSS (M = 16) [8] – 49.8 51.6 52.3 46.4 51.1 45.0 60.8 49.7

GSS → WS Neural FCA [8] 200 48.6 51.2 50.8 45.1 49.0 43.2 56.7 48.9

WS Neural FCA 50 54.8 56.0 58.1 51.0 52.7 45.7 60.2 54.1

WS Neural FCA 100 55.7 56.7 59.6 51.6 52.9 45.7 60.6 54.5

WS Neural FCA 200 55.3 56.2 58.9 51.3 52.9 46.0 60.4 54.1

WS Neural FCA + 50 54.1 55.4 57.9 49.9 52.4 45.3 60.3 53.5

WS Neural FCA + 100 54.3 55.1 58.1 50.2 52.4 45.2 60.4 53.6

WS Neural FCA + 200 53.8 54.8 57.5 49.7 52.3 45.0 60.0 53.8
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